Nanomaterials (materials at the nanoscale, 10 −9 meters) are extensively used in several industry sectors due to the improved properties they empower commercial products with. There is a pressing need to produce these materials more sustainably. This paper proposes a Multiple Criteria Decision Aiding (MCDA) approach to assess the implementation of green chemistry principles as applied to the protocols for nanoparticles synthesis. In the presence of multiple green and environmentally oriented criteria, decision aiding is performed with a synergy of ordinal regression methods; preference information in the form of desired assignment for a subset of reference protocols is accepted. The classification models, indirectly derived from such information, are composed of an additive value function and a vector of thresholds separating the pre-defined and ordered classes. The method delivers a single representative model that is used to assess the relative importance of the criteria, identify the possible gains with improvement of the protocol's evaluations and classify the non-reference protocols. Such precise recommendation is validated against the outcomes of robustness analysis exploiting the sets of all classification models compatible with all maximal subsets of consistent assignment examples. The introduced approach is used with real-world data concerning silver nanoparticles. It is proven to effectively resolve inconsistency in the assignment examples, tolerate ordinal and cardinal measurement scales, differentiate between interand intra-criteria attractiveness and deliver easily interpretable scores and class assignments. This work thoroughly discusses the learning insights that MCDA provided during the co-constructive development of the classification model.
Introduction
Nanotechnology is the manipulation of matter at the nanoscale (one billionth of a meter, 10 −9 meters) to produce materials (i.e., nanomaterials) with enhanced performances. During the last decade it has experienced a sizeable development ( Iavicoli, Leso, Ricciardi, Hodson, & Hoover, 2014; Shapira & Youtie, 2012; . Plethora of nanotechnology applications are emerging in several industrial sectors (e.g., biomedical, cosmetics, electronic, energy, engineering, textile, packaging, food and drinks) and due to its pervasive nature there is a pressing need for assessing the implications of this fast-pace development on the environment, economy JID: EOR [m5G; November 3, 2016; 17:1 ] 2003 ) started being integrated into this life-cycle stage ( Anastas & Warner, 1998; Eckelman, Zimmerman, & Anastas, 2008; Gilbertson, Zimmerman, Plata, Hutchison, & Anastas, 2015; Hutchison, 2008; Patete et al., 2011 ) . Indeed, these innovative approaches account for such principles by increasing energy efficiency, using renewable and less hazardous materials, increasing speed reactions and ensuring safer operating conditions ( Dahl et al., 2007; Gawande, Shelke, Zboril, & Varma, 2014; Nadagouda et al., 2014; Patete et al., 2011; Varma, 2013; Virkutyte & Varma, 2013 ) . At the same time, they succeed to produce nanoparticles with desired uniform size and shape. To assess the implementation of green chemistry principles by the synthesis protocols, it is necessary to account for a number of evaluation criteria in an integrated manner. This suggests the appropriateness of using MCDA methods whose role is to provide and justify decision recommendations in the presence of multiple conflicting points of view. More specifically, there is currently a demand for classification methods that can be used to assign a preference-oriented performance class to the synthesis processes for nanomaterials, showing how "green" they actually are ( Bergeson, 2013; Gilbertson et al., 2015; Mata, Martins, Costa, & Sikdar, 2015 ) .
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This paper proposes an MCDA model for classifying synthesis protocols into a set of pre-defined and ordered green chemistrybased classes and exemplifies its application for the silver nanoparticles, particles of silver at the nanoscale. The methodology that supported the model development implements the paradigm of Ordinal Regression (ORDREG) ( Jacquet-Lagrèze & Siskos, 2001 ) (or preference disaggregation, Doumpos & Zopounidis, 2011 ) by inferring compatible models composed of an additive value function and extrapolating class thresholds from the assignment examples provided by nanotechnology experts. Then, these models are used to suggest an assignment for the remaining protocols. This work has been conceived as a complementary strategy to the one advanced by Cinelli et al. (2015) where Dominance-based Rough Set Approach (DRSA) ( Błaszczy ński, Słowi ński, & Szelag, 2011; Greco, Matarazzo, & Słowi ński, 2001 ) was employed to the same problem and provided a classification model based on decision rules.
The proposed integrated approach combines a few procedures whose properties were found to be useful to support sustainability assessment and it contributes to the preference learning process that is hallmark of MCDA. First, the method is able to integrate the expert knowledge, being usable even in case the provided preference information is inconsistent. This is achieved by automatic identification of all maximal sets of consistent assignment examples. Second, it effectively deals with both qualitative and quantitative criteria by applying general value functions. Third, the approach constructs a representative model that indicates which factors are most important for the classification. This model differentiates also the intra-criterion attractiveness with possibly non-convex or non-concave shape of a marginal value function. Fourth, it quantifies how green the synthesis protocols are by performing aggregation of alternatives' evaluation on all considered criteria. Fifth, thanks to the applied threshold-based classification procedure, the underlying decision aiding process is intuitive and transparent even for the non-experts in MCDA field. Sixth, the delivered recommendation is easily interpretable and justifiable due to the decomposition of overall values into marginal ones. The latter provide thorough insight into each protocol's strengths and weaknesses. Finally, the method builds on the synergy of ORDREG methods. In this way, it provides means for verifying the certainty of an assignment suggested by a single representative model against the outcomes of Robust Ordinal Regression (ROR) ( Corrente, Greco, Kadzi ński, & Słowi ński, 2013; Greco, Mousseau, & Słowi ński, 2008 ) and Stochastic Ordinal Regression (SOR) ( Kadzi ński & Tervonen, 2013a; 2013b ) derived from all classification models compatible with all maximal sets of consistent assignment examples. ROR indicates which assignments are possible using Linear Programing (LP) techniques, whereas SOR estimates the probability of such possibility with Monte Carlo simulation. In this way, the constructed recommendation can be deemed robust.
By exhibiting all these features when reporting results of the case study, the paper aims to show that the proposed method is able to effectively support not only the development and assessment of nanoparticle synthesis, but also other decision making contexts oriented toward sustainability. Overall, this paper has the following objectives:
• Propose ( Section 2 ) and test ( Section 3 ) a new methodology based on ORDREG for classification of synthesis processes of silver nanoparticles based on green chemistry principles implementation.
• Highlight the practical learning derived from the use of MCDA in this applied research. Throughout the paper, we illustrate how MCDA is a ductile process that allows structuring a complex and undefined problem, define the alternatives to be assessed, the evaluation parameters and shape a robust decision support model.
Methodology
An important issue in nanotechnology is the development of production processes for nanomaterials, since they have a pivotal role in determining the properties of the ensuing product, its reliability and the impacts that it can have from a sustainability perspective ( Duan, Wang, & Li, 2015; Sengul, Theis, & Ghosh, 2008 ) . The processes that received major attention in the last decade are those performed with more responsible, green and sustainable approaches, integrating the principles of green chemistry and green engineering in the nanosynthesis practice ( Dahl et al., 2007; Duan et al., 2015; Gilbertson et al., 2015; Mata et al., 2015; Nadagouda et al., 2014; Patete et al., 2011; Varma, 2013; .
So far bacteria, fungi, plants, plants extracts, yeasts and algae have been employed to produce nanomaterials, receiving the label of bio-inspired reduction approaches and employing several principles of green chemistry, including renewable materials use, synthesis at ambient temperature and pressure as well as safe processing conditions ( Das & Marsili, 2011; Korbekandi, Iravani, & Abbasi, 2009; Stark, Stoessel, Wohlleben, & Hafner, 2015; Virkutyte & Varma, 2013 ) . Understanding and assessing how "green" these bio-inspired processes are is hampered by several challenges, including (i) the need to account for impacts criteria of different type (e.g., quantitative, qualitative, fuzzy) ( Eason, Meyer, Curran, & Upadhyayula, 2011; Mata et al., 2015; Naidu, 2012 ) , (ii) high uncertainty in input dataset ( Hischier, 2014; Mata et al., 2015; Meyer & Upadhyayula, 2014 ) , and (iii) limited capacities of conventional tools to provide a comprehensive and justifiable performance of each process ( Bates, Larkin, Keisler, and Linkov, 2015; Eason et al., 2011; Tsang, Bates, Madison & Linkov, 2014 ) .
MCDA has been specifically developed to tackle these types of challenges ( Cinelli, Coles, & Kirwan, 2014; Munda, 2005 ) , especially in cases where the problems are ill-defined, which is another peculiar characteristic of sustainability assessment of nanosynthesis. Such problem framing justified the use of MCDA in the case study, to develop a classification model for the performance evaluation of synthesis of nanomaterials with respect to implementation of the green-chemistry principles. The research objective was achieved through the application of the MCDA process, tailored to this decision making problem. Fig. 1 summarizes the procedure. Its phases are described in detail in the following sections. JID: EOR [m5G; November 3, 2016; 17:1 ] Fig. 1. List and links between MCDA process phases and steps in experts knowledge elicitation for the construction of classification model (adapted from Hoffman, Shadbolt, Burton, & Klein, 1995; Tsoukiás, 2007 ) .
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Phase 1: problem context
A broad literature review of production processes for nanomaterials was conducted to define the context of the research. It confirmed that bio-inspired synthesis routes are receiving wide interest because of their potentials of implementing green chemistry principles ( Changseok et al., 2013; Cinelli et al., 2015; Dahl et al., 2007; Duan et al., 2015; Dubey, Lahtinen, & Sillanpaa, 2010; Hebbalalu, Lalley, Nadagouda, & Varma, 2013; Hyeon, Manna, & Wong, 2015; Karn, 2008; Karn & Wong, 2013; Kavitha et al., 2013; Kaviya, Santhanalakshmi, Viswanathan, Muthumary, & Srinivasan, 2011; Kou, Bennett-Stamper, & Varma, 2013; Kou & Varma, 2012; Luque, 2013; Matus, Hutchinson, Peoples, Rung, & Tanguay, 2011; Patete et al., 2011; Pati, Sean, & Vikeseland, 2014; Senjen, 2009; Varma, 2014; Virkutyte & Varma, 2013 ) . In-depth understanding of the problem situation was enhanced by the collaboration with two experts (the DMs) in the area of nanotechnology, who took part in the whole decision aiding process. The major limitations that emerged during this initial scoping phase were that the domain of "greenness" assessment of nanosynthesis is ill-defined, due to the paucity of (i) understanding of the optimal conditions and equipment requirements for large scale bio-inspired processes, (ii) quantitative data to run complete life cycle assessments, and (iii) easily accessible decision support models that can help chemists and engineers conducting screening level assessments with heterogeneous (e.g., qualitative, quantitative, fuzzy) and uncertain information to define how green nanosynthesis processes are ( Duan et al., 2015; Eason et al., 2011; Hyeon et al., 2015; Linkov, Anklam, Collier, DiMase, & Renn, 2014; Linkov & Moberg, 2011; Mata et al., 2015; Upreti, Dhingra, Naidu, Atuahene, & Sawhney, 2015 ) . The latter research gap appeared as a crucial one to be filled since synthesis processes for nanomaterials keep emerging and there is a pressing necessity for tools that can help their responsible governance ( Bates et al., 2015; Cinelli et al., 2015; Linkov, Kurth, Hristozov, & Keisler, 2015; Sadik, Karn, & Keller, 2014; Subramanian et al., 2015 ) . This paper is concerned with such challenge and the MCDA process was shaped in order to provide a useful contribution in the area.
Phase 2: problem formulation
Problem formulation began with the identification of the alternatives. These were defined as "silver nanoparticle synthesis protocols based on bottom-up approaches that use reducing and capping agents to convert a silver salt to silver nanoparticles". In less technical terms, the reducing agents in these protocols have the capacity of turning the silver salt (i.e., precursor) into silver nanoparticles, while the capping agents protect the nanoparticles from agglomeration. Overall, the collaboration between the analysts and the DMs in our study led to defining a structure dataset of 53 synthesis protocols.
Two main reasons justified the choice for the alternatives: (i) a wide spectrum of synthesis processes have been advanced for the production of silver nanoparticles through a variety of conventional as well as bio-inspired reduction strategies, providing the background for the development of a database of comparable synthesis protocols using sustainability-oriented criteria for this nanomaterial ( Changseok et al., 2013; Dahl et al., 2007; Duan et al., 2015; Dubey et al., 2010; Hebbalalu et al., 2013; Karn, 2008 ;  JID: EOR [m5G; November 3, 2016; 17:1 ] Green chemistry principles -points of view for the assessment of alternatives in the case study ( Anastas & Warner, 1998 Reduce derivatives Limit as much as possible the need of derivatives (e.g., blocking groups, transitional modifications) 9 Catalysis Use reagents that are catalytic rather than stoichiometric 10
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Design for degradation Develop products that turn into hazardless compounds once their function has been performed 11
Real-time analysis for pollution prevention Adopt real-time and in-process supervision to prevent formation of hazardous materials 12
Inherently safer chemistry for accident prevention Choose substances that can minimize accidents potentials of the reaction Karn & Wong, 2013; Kavitha et al., 2013; Kaviya et al., 2011; Kou et al., 2013; Kou & Varma, 2012; Luque, 2013; Matus et al., 2011; Patete et al., 2011; Pati et al., 2014; Senjen, 2009; Varma, 2014; Virkutyte & Varma, 2013 ) ; (ii) various applications are enabled and envisioned by silver nanoparticles, such as antimicrobial products, biosensors and composite fibers ( Hebbalalu et al., 2013; Korbekandi et al., 2009; Stark et al., 2015; Virkutyte & Varma, 2013 ) . Green chemistry principles (see Table 1 ) were selected as the main points of view (PoVs) to characterize and assess the synthesis protocols since they represent the premier strategies to make a process "green" ( Anastas & Warner, 1998; Duan et al., 2015 ) . A wide variety of production processes for silver nanoparticles have been advanced to integrate sustainability principles in the synthesis step of nanomaterials as mentioned in the introduction and in the relevant literature ( Dahl et al., 2007; Gawande et al., 2014; Nadagouda et al., 2014; Patete et al., 2011; Varma, 2013; Virkutyte & Varma, 2013 ) . However, most of the studies focus on the individual proposition of a synthesis protocol and not on comparing them to fill research gaps advanced by well-regarded practitioners and organizations in the area ( Bergeson, 2013; Dahl et al., 20 07; Hutchison, 20 08; Karn & Wong, 2013; Luque, 2013; Matus et al., 2011 ) , being:
• identification of the specific reasons for which some protocols perform better than others from a green chemistry perspective; • assessment of the implementation of green chemistry principles in nanosynthesis processes in the form of a performance class (e.g., "green" nano).
From a decision making viewpoint, these aims correspond to a specific classification problem. Considering that MCDA has been specifically developed to handle comparisons and provide classifications (among other types of decision recommendation) of competing alternatives, it was selected here to advance the solutions. Precisely, the case study is oriented towards the assignment of the protocols to five pre-defined and preference ordered classes with C 5 and C 1 being, respectively, the best class and the worst class. The interpretation of these classes refers to the comprehensive ( C 5 ), considerable ( C 4 ), partial ( C 3 ), limited ( C 2 ) and very marginal ( C 1 ) adoption of green chemistry principles, satisfaction of quality requirements and regard for environmental implications.
Phase 3: evaluation model
The PoVs identified at the problem structuring phase were made operational during the third step of the MCDA process, namely the construction of the evaluation model. Web of Science 1 was used to screen studies that presented synthesis processes of silver nanoparticles through chemical and biological re-1 http://thomsonreuters.com/thomson-reuters-web-of-science/ duction, consistently reporting information about the implementation of green chemistry principles. This process -supported by the nanotechnology experts -allowed shaping 8 assessment criteria from the PoVs: type of reducing agent ( g 1 ), type of capping agent ( g 2 ), solvent typology ( g 3 ), use of local resources ( g 4 ), reaction time ( g 5 ) and temperature ( g 6 ), equipment type ( g 7 ) and size range of ensuing nanoparticles ( g 8 ). Table 2 shows their coding together with their preference order, as well as the rationale for their selection. Six criteria are qualitative ( g 1 -g 4 , g 7 , g 8 ) and the two remaining are quantitative ( g 5 , g 6 ). In order to install a fair comparison between production protocols, the selection condition was that they had to involve the same type of particles and be usable for the same type of application, which in this case was assumed as being antimicrobial activity.
Structure of the multiple criteria classification method
The rigorous structuring of the problem performed in the previous stages developed a "common language" and understanding between the analysts and the DMs. This proved crucial in understanding the type of MCDA method to be developed, especially considering that the DMs perceived the use of indirect preference elicitation in form of comprehensive judgments on the production processes as their natural way of reasoning. Consequently, indirect preference was assumed as the most relevant elicitation.
Formally, we consider a decision problem involving a finite set
The performance of a i on g j is denoted by g j ( a i ), and the set of all performances on g j is X j . To comprehensively measure the implementation of green chemistry principles by the nanoparticles synthesis protocols, we use an additive value function ( Keeney & Raiffa, 1976 ) :
Thus, a comprehensive value
is derived from the marginal value functions u j associated with specific criteria. They are used to evaluate the performance of a i from the specific points of view. Each marginal value function u j needs to be monotonic, i.e., with the increase of performance, the marginal values are either non-decreasing or non-increasing for, respectively, maximizing (gain-type) or minimizing (cost-type) criteria.
The aim of the study is to assign the nanoparticle synthesis protocols into p preference ordered classes C 1 , . . . , C h , . . . C p , such that C 1 and C p represent, respectively, the worst and the best class. For classification of alternatives, we use a value-driven thresholdbased procedure ( Greco, Mousseau, & Słowi ński, 2010; Zopounidis & Doumpos, 20 The choice of the raw materials plays a pivotal role in affecting the greenness of the synthesis processes. In the reduction of metal ion salts in metal nanoparticles this is implemented by the reducing, capping and solvent types ( Ahmad et al., 2010; Baruwati & Varma, 2009; Nadagouda & Varma, 2008a; 2008b ) with a possible choice of waste from renewable sources (RW), primary renewable materials (RP), biodegradable polymers (BP) and synthetic chemicals (SC). The selected preference scale was RW > RP > BP > SC , with renewable materials as the favorite option because of their non-exhaustible and benign nature. Less preferable choices include the BP, which are generally non-hazardous and lastly synthetic chemicals, commonly hazardous and obtained from laborious dedicated synthesis. The concept of multifunctionality was also included in the capping agent scale, accounting for the fact that some materials can perform the role of both reducing and capping agents ( Nadagouda & Varma, 2008b ) , eliminating the need for a specific capping material. Implementable green chemistry principles: 1, 3, 4, 5, 7, 8, 10, 12 (numbers as used in Table 1 A wide variety of synthesis methods has been advanced for nanosynthesis with static conditions as the preferred option since they do not require any use of energy. Stirring systems are safe and very low energy demanding, thus receiving the second rank ( Gill, Appleton, Baganz, & Lye, 2008 ) . Microwave represents an alternative energy source that is preferred to conventional heating as it enhances reaction kinetics by 1-2 orders of magnitude, which can result in shorter reaction times and faster particles formation, as well as reduction in waste production ( Gawande et al., 2014; Grace & Pandian, 2007; Komarneni, Li, Newalkar, Katsuki, & Bhalla, 2002; Moseley & Kappe, 2011; Tsuji, Hashimoto, Nishizawa, Kubokawa, & Tsuji, 2005; Varma, 2013; . The worst rank is assigned to lack of reporting on the used equipment, complying with a modeling approach based on worst-case assumption. Implementable green chemistry principles: 1, 6, 11, 12. The nanoparticles were assumed to be usable for antimicrobial purposes, which implies that the smaller the size the better because their antimicrobial potential is inversely proportional to the size ( Duran et al., 2010; Martínez-Castañón, Niño Martínez, Martínez-Gutierrez, Martínez-Mendoza, & Ruiz, 2008; Mohan, Lee, Premkumar, & Geckeler, 2007; Panacek et al., 2006 ) . Ranges, rather than a unique size, were introduced since the synthesis processes normally result in silver nanoparticles that are within boundaries of dimensions.
alternative a i is assigned to class
over, we assume that the comprehensive values of all alternatives are not worse than the lower threshold of the worst class (thus, b 0 = 0 ) and worse than the upper threshold of the best class (thus, b p > 1). The employed procedure is presented graphically in Fig. 2 . When using a value-driven threshold-based ordinal classification procedure the preference model is formed by a pair (U, b ) consisting of an additive value function U and a vector b of class thresholds. In this regard, we will call (U, b ) a classification
model. An outline of the method we use in the study is given in Fig. 3 . It is divided into seven steps (marked as Steps 1-7). By implementing perspectives which are typical for ORDREG ( Greco, Kadzi ński, & Słowi ński, 2011; Jacquet-Lagrèze & Siskos, 2001 ) , ROR ( Corrente et al., 2013; Greco et al., 2008 ) and SOR ( Kadzi ński & Tervonen, 2013a; 2013b ) , these steps provide different views on the certainty of delivered recommendation.
Step 1. In Step 1, we collect the assignment examples for a subset of nanoparticle synthesis protocols
reference protocols. The desired assignments are denoted with ( Kadzi ński, Ciomek, and Słowi ński (2015a) ):
Although, in general, the assignment examples can be imprecise with L DM ( a * ) < R DM ( a * ), in this study, we will employ precise as-
The set of all assignment examples is denoted with AE .
Step 2 . In
Step 2 ( Greco et al., 2010 ) :
where the ordered values of X j are denoted with
and
for maximizing criteria and
Note that we use the general marginal value functions with all unique performances corresponding to the characteristic points. In this way, we take advantage only of the ordinal character of performances handling qualitative and quantitative criteria in the same way ( Corrente et al., 2013 ) . The set of pairs (U, b ) AE compatible with the provided assignment examples AE is non-empty, if E ( AE ) is feasible and max ε s.t. E ( AE ) has an optimal value ε * > 0. Otherwise, (U, b ) AE is empty.
Step 3. If the set of compatible value functions and class thresholds is empty, we explicitly resolve inconsistency 2 . This requires identification of the minimal subset of troublesome assignment examples which need to be removed to restore consistency. Usually, there exist multiple modifications of the DM's assignment examples leading to preferences representable with an assumed preference model ( Mousseau, Dias, & Figueira, 2006 ) . The knowledge of such various way to solve inconsistency is useful for the DM, because it permits him/her to understand the conflicting aspects of the provided assignment examples, understand where and why their statements do not comply with the consistency principle, and to learn about his/her preferences. Traditionally, these different ways for restoring consistency were presented to the DM, who was expected to arbitrarily select a single most desirable one.
In this paper, we propose to analyze all maximal subsets of consistent assignment examples, thus, avoiding an arbitrary selection among different ways to resolve inconsistency. For this purpose, we need to identify all minimal subsets of assignment examples that need to be removed so that the set of compatible pair (U, b ) is non-empty. The procedure starts with solving the following MixedInteger Linear Programing (MILP) ( Greco et al., 2011; Mousseau et al., 2006 ) : where E ( AE ) is defined as follows:
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where w is an index of iteration, because the above procedure will be repeated as many times as there are feasible solutions of problem (3) . This problem indicates a minimal set of constraints that need to be removed from the model constructed in Step 2, so that at least one compatible value function and respective class thresholds can 
Let us denote the set of remaining (consistent) assignment examples with CAE 1 = AE \ I 1 ⊂ AE. We will call it a consistency preferential construct.
Definition 1.
Assuming the use of a particular preference model, a consistency preferential construct for a set of assignment examples AE potentially inconsistent with the preference model, is a maximal set of assignment examples in AE which can be jointly reproduced by the model. Let us denote it by CAE . Consistency construct is maximal in a sense that any of its proper supersets does not allow consistency.
There may exist other subsets of assignment examples underlying inconsistency (see Fig. 4 ). They can be identified within an iterative procedure ( Kadzi ński, Słowi ński, & Greco, 2015b; Mousseau et al., 2006 ) . For this purpose, in each iteration w = 2 , . . . , K, we need to solve problem (3) while forbidding finding again the same solutions as found in previous iterations (w − 1 , w − 2 , . . . , 1) . This can be achieved by adding the following constraints on the sum of respective binary variables, for z = 1 , . . . , w − 1 :
Finally, all subsets of assignment examples representing different ways to solve inconsistency are denoted with I 1 , . . . , I K , while the respective consistency preferential constructs with C AE 1 , . . . , C AE K .
Definition 2. Assuming the use of a particular preference model, the consistency preferential core for a set of assignment examples AE , is the intersection of all consistency preferential constructs
For the interpretation of preferential reducts, constructs, and cores that refer to the truth or falsity of some robust results rather than analysis of inconsistency, see Kadzi ński, Corrente, Greco, and Słowi ński (2014) .
If
Step 2 terminates successfully, the method proceeds with Steps 4-6 analyzing the set of value functions and class thresholds compatible with all assignment examples AE . Otherwise, these steps are conducted separately for the set of preference models compatible with each CAE k , k = 1 , . . . , K. The logic underlying Steps 4-6 derives from the fact that each compatible model can be applied to assess the alternatives that are not included in the reference set and/or these not contained in the consistency preferential construct.
Step 4. In Step 4, we consider the whole set of compatible models in the spirit of ROR, and compute for each alternative a i ∈ A its possible C AE P (a i ) and necessary C AE N (a i ) assignments as in UTADIS GMS ( Greco et al., 2010 ) . These assignments are supported by, respectively, at least one or all compatible value functions and class thresholds. To verify if h ∈ C AE P (a i ) , we need to consider the following set of constraints ( Kadzi ński et al., 2015a ):
) is feasible and ε * > 0, where
hesitation with respect to the recommendation suggested by the method for a i , while C AE N (a i ) indicates the most certain part of the recommendation unanimously confirmed by all compatible preference models.
Note that if this step was conducted for a consistency construct CAE k , we would use
E ( CAE k ) involves constraints imposed only by the assignment examples contained in CAE k . Then, the respective possible and necessary assignments are denoted with C
Step 5. In Step 5, we enrich the outcomes of Step 4 with the analysis of probabilities of membership to the particular class. These are materialized with the class acceptability in- 
To efficiently approximate a value of CAI AE ( a i , h ) we apply Monte Carlo simulation as in SOR, and, more specifically, the Hit-And-Run algorithm ( Tervonen, van Valkenhoef, Ba ¸s türk, & Postmus, 2013 Step 6 . In
Step 6, the method constructs a representative value function and class thresholds. Although numerous procedures for selection of such representative model have been proposed in the literature (for a review, see Greco et al., 2011 ; Beuthe & Scannella, 2001 ) , in this paper we adopt a centroid assignment rule ( Angilella, Corrente, & Greco, 2015; Angilella, Corrente, Greco, & Słowi ński, 2016 ; Doumpos, Zopounidis, & Galariotis, 2014 ). Thus, we construct a representative function U AE as the mean of all models considered JID: EOR [m5G; November 3, 2016; 17:1 ] in the Monte Carlo simulation performed in Step 5. Formally: When considering the sets of value functions and class thresholds compatible with all consistency preferential constructs, we can deliver results reflecting two levels of certainty analogously to the case when robustness analysis is conducted for multiple DMs ( Greco, Kadzi ński, Mousseau, & Słowi ński, 2012; Kadzi ński, Słowi ński, & Greco, 2016 ) . The first level is related to the necessary ( N ) or possible ( P ) consequences of all preference models compatible with each consistency construct, whereas the other refers to the necessary ( N ) or possible ( P ) agreement with respect to a set of consistency constructs. This leads to defining four types of assignments:
ARTICLE IN PRESS
The most valuable information is provided by C CAE P,N (a i ) and
(a i ) . The previous confirms that analysis performed individually for each consistency construct agrees with respect to (some part of) the suggested recommendation, whereas the latter indicates which assignments can be excluded not being confirmed by any compatible model.
With respect to class acceptability indices, a simple idea to aggregate the recommendation obtained for all consistency constructs consists in computing an average value of CAIs . Let us call such indicator a cumulative consistency class acceptability index CAI CAE , defined as follows:
It reflects the support given to assignment of a i to class C h by the sets of preference models compatible with all consistency constructs. Similarly, a preference model U CAE being representative for all consistency constructs can be obtained by averaging the representative models obtained individually for each consistency construct:
Such model is guaranteed to reproduce all assignment examples contained in the consistency preferential core. The assignment it suggests for each a i ∈ A is denoted by C CAE REP . In the proposed approach, the certainty of the recommendation delivered by a single representative classification model is judged in view of robust and stochastic results. This is useful because the recommendation suggested with a single model is not affected by non-uniqueness of compatible sorting models and consistency preferential reducts, at the same time being more precise than the outcomes of ROR and SOR. Thus, the DMs gain confidence in the decision recommendation through the association of a degree of certainty for every classification advanced by the representative model. From another perspective, the possible assignment and class acceptability indices indicate which classes can be excluded, thus minimizing the risk of erroneous decision ( Corrente et al., 2013 ) .
Construction of the decision recommendation, results and discussion
The final stage of the case study led to the construction of the decision recommendation, i.e., a performance class for nanosynthesis processes based upon their implementation of the principles of green chemistry characterized by the 8 assessment criteria. The set of 53 synthesis protocols was divided into two parts. For 48 reference protocols presented in Table 3 , the desired performance class was collected from the two DMs (highly regarded chemists with broad expertise in the area of environmentally friendly nanoparticles synthesis) using a dedicated spreadsheet. The 5 non-reference protocols for which the expert classification was unknown were used to test the decision support provided by the ensuing classification model (see Table 4 ).
Identification of DMs' inconsistencies
When using all 48 reference protocols as assignment examples the set of compatible value functions and class thresholds was empty. This indicates inconsistency of assignment examples with an assumed preference model. Inconsistency analysis indicated that there exist three minimal sets of assignment examples that can be removed to restore consistency:
In this regard, let us emphasize that these subsets are minimal in a sense that any of their proper subsets does not resolve inconsistency. In their judgments the experts did not violate the dominance relation, which means that there is no dominated reference protocol assigned to a class better than the dominating one. Thus, the observed inconsistency is likely due to the too limited expressiveness of an assumed additive model which aggregates the performances of each alternative to a single comprehensive value. In any case, the set of classification models is non-empty for the three consistency preferential constructs: C AE 1 = AE \ I 1 , C AE 2 = AE \ I 2 and CAE 3 = AE \ I 3 , which are composed of 47, 46 and 45 assignment examples, respectively.
Classification models compatible with each consistency preferential construct
The ORDREG method can operate with every preferential construct and advance a classification model that complies with each of them, thus avoiding the arbitrary choice of modeling paradigm. In Fig. 5 and Table 5 , the representative value functions and vectors of class thresholds are presented, respectively.
The character of all representative value functions follows a similar trend for some criteria. In fact, for all three models the shape of marginal value function for the reducing agent ( g 1 ) and reaction time ( g 5 ) is alike and the impact of local resource use ( g 4 ) in the comprehensive value is rather negligible. On the other hand, there are some interesting peculiarities in the models that Table 3 The criteria, performances and desired assignments for the reference nanoparticle synthesis protocols used to construct the preference models ( ↑ and ↓ indicate maximizing and minimizing criteria, respectively). Table 4 The performances of non-reference nanoparticle synthesis protocols. emerge. For example, differences between the marginal values are significant between relatively medium and good performances for the solvent type ( g 3 ), equipment type ( g 7 ) and particles performance ( g 8 ).
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In addition, for the capping agent ( g 2 ) and the reaction temperature ( g 6 ), the marginal value functions discriminate strongly also between relatively low performances. The derived models show that for each consistent preferential construct insightful variations for these functions emerge, highlighting slightly different trade-offs between criteria. In particular, for the representative value function obtained for CAE 1 , the impact of the solvent class ( g 3 ) and equipment type ( g 7 ) is relatively greater, while the values assigned to the temperature ( g 6 ) and particles' size ( g 8 ) are rather low. On the contrary, the importance of the latter two criteria is higher for the value function obtained for CAE 2 , while the representative model constructed for CAE 3 assigns relatively greater importance to the capping agent ( g 2 ). The analysis of different pref erence models in compliance with the modeling constraints indicates to the DMs the potential variability of their partial value functions for the assessment criteria. This enriches the learning for DMs on which models represent their preferences and possibly support predilection of certain shapes of criteria value functions rather than others. For example, if capping agent is considered as more relevant, the DM can prefer this underlying model when judging the decision recommendation.
In Appendix A ( Table A. 12 ), we present representative comprehensive values and class assignments derived from the analysis of different consistency preferential constructs. Obviously, the values obtained by the same protocol for different models may differ. Nevertheless, the correlation between these scores as well as the underlying orders of alternatives obtained with different models is high (for the values of Pearson correlation coefficient and Kendall's τ , see Table 6 ). However, it is the comparison of these values with the respective class thresholds that matters and decides upon their classification into one of five pre-defined and ordered classes. Each representative model was able to reproduce the assignment examples contained in the consistency preferential construct (e.g., a 1 is assigned to C 3 as indicated the DM). Overall, all three models assign 42 reference alternatives to the same desired class. The differences concerning reference alternatives underlying inconsistency are summarized in Table 7 . Additionally, these protocols are distinguished with a star ( * ) in the respective columns C ( a i ) in Appendix A ( Table A. 
).
To support interpretation of the representative outcomes, in Table 8 The possible assignments, class acceptability indices and representative assignments for the non-reference protocols obtained with the set of preference models compatible with different consistency constructs. against representative class thresholds obtained for CAE 1 . This figure clearly illustrates how each criterion contributes to the comprehensive value which, in our study, is interpreted as the overall degree to which different green chemistry principles and quality requirements have been implemented. Importantly, these scores are derived from the joint consideration of all relevant points of view used to build the database. Nevertheless, the decomposition of comprehensive scores into the marginal values exhibits which factors are more decisive in terms of the delivered assignment. The protocols depicted in Fig. 6 represent five different classes. In this way, one can easily see different interpretations of what means comprehensive, considerable, partial, limited and very marginal adoption of green chemistry principles. In particular, all eight criteria vastly contribute to the overall quality for a 46 being assigned to the best class, while a 12 , assigned to the worst class, can be considered as relatively good only in terms of temperature ( g 6 ) and particles' size ( g 8 ). Such analysis can be further enhanced by induction of decision rules indicating which levels of marginal values were representative for the alternatives assigned to a given class (or class union). This is illustrated in view of the assignments suggested by the final model in Section 3.3 . When it comes to the classification of non-reference protocols, the three representative models agree with respect to the assignment of a 49 to C 5 , a 50 and a 51 to C 2 , and a 52 to C 4 (see Tables 8 and A.12 ). As for a 53 , the representative recommendation delivered by the models derived from CAE 1 and CAE 2 is C 2 , while the assignment suggested by CAE 3 is C 1 . The indications of individual representative classification models can be validated against the outcomes of robust analysis obtained with ROR and SOR (see Table 8 ).
For a 49 and a 52 , the possible assignments derived from the analysis of all compatible models are precise, thus, confirming the certainty of recommending C 5 and C 4 for a 49 and a 52 , respectively. For a 50 and a 51 some compatible models suggest recommendation different from the one delivered with the representative ones. Nevertheless, as indicated by the class acceptability indices, the estimation of probability of an assignment of a 50 to C 3 or C 4 and a 51 to C 3 is equal to zero, which means that they are possible only under very specific conditions. Thus, recommendation of an assignment of a 50 and a 51 to C 2 can be regarded with certainty. Finally, although preference models CAE 1 and CAE 2 agree with respect to recommending C 2 for a 53 , the representative class for CAE 3 is C 1 . In addition, the class acceptability indices derived from the analysis of CAE 1 and CAE 3 confirm that the share of compatible classification models recommending C 1 is significant, and, thus, needs to be accounted for.
In this perspective, let us add that in Fig. 5 , we illustrated the distribution of compatible classification models considered in the Monte Carlo simulation. That is, for each characteristic point apart from the mean marginal value which contributes to the shape of the representative value function, we depicted a standard deviation over 10 0 0 samples used to compute CAIs . In this way, we can demonstrate how small is the space of compatible classification models and how well it is represented by the selected mean functions.
Classification model derived from the analysis of all consistency preferential constructs
The MCDA approach developed for this decision making challenge can also provide a unique classification model that results from the joint consideration of the sets of classification models compatible with all consistency preferential constructs. Fig. 7 illustrates its representative marginal value functions which form an intuitive and easily interpretable output of the applied ORDREG method. It is called the final classification model. Through the use of the general marginal value functions in preference modeling, the method was able to discover non-convex and non-concave classification functions which would not be possible with the classification approaches requiring some pre-defined shape for each per-criterion function ( Tervonen, Sepehr, & Kadzi ński, 2015 ) . This increases transparency and interpretability of the marginal value functions. JID: EOR [m5G; November 3, 2016; 17:1 ] The greatest maximal share in the comprehensive values corresponds to the solvent class (0.195), capping agent (0.172) and equipment type (0.157), while the least maximal share corresponds to local resources use (0.023), reducing agent (0.079) and particles' size (0.100). Thus, although the final classification model indicates that all criteria contribute to the comprehensive score, these maximal shares reflect how big this contribution can be, thus, differentiating the relative importance of different points of view. Similar and complementary results were derived from the application of DRSA on the same dataset ( Cinelli et al., 2015 ) .
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The variation of marginal values differs significantly from one criterion to another. For the reducing ( g 1 ) and capping ( g 2 ) agents as well as particles' size ( g 8 ), the shapes reflect risk aversion with greater differences between the marginal values observed only for relatively worse performances. For the reaction time ( g 5 ) and equipment type ( g 7 ), the functions' course is risk-seeking with greater marginal values attributed only to the relatively good performances. Finally, the temperature ( g 6 ) has nearly sinusoidal marginal value function shape. The greatest difference of marginal values can be observed for:
• reducing agent ( g 1 ), capping agent ( g 2 ) and solvent class ( g 3 ) when moving from synthetic chemical (1) to biodegradable polymers (2) and primary renewable materials (3);
• reaction time ( g 5 ) when reducing the time to values less than 8 minutes (480 seconds); • equipment type ( g 7 ) when limiting the use of a stirring plate to at most 5 minutes (i.e., when moving from 6 to 7); • temperature ( g 6 ) when reducing it from 170 to 160 degrees Celsius.
These transitions indicate the scale ranges where a high value gain in the comprehensive implementation of green chemistry principles can be achieved with limited improvement of evaluation on a particular criterion. On the contrary, the smallest differences of marginal values can be observed for:
• improving upon the use of primary renewable materials (3) on g 1 and g 2 ; • equipment type ( g 7 ) ranging from conventional (oil or steam bath; 2) to a stirring plate (6); • reaction time ( g 5 ) ranging between 480 and 72 , 0 0 0 seconds; • temperature ( g 6 ) in the range [95 , 160] .
As a result, improving in these areas does not add much to the overall quality of a protocol.
The comprehensive values and the classification of the nanoparticle protocols obtained with the representative value function U CAE REP are presented in Appendix A ( Table A. 12 ). The correlation of the scores and order of alternatives imposed by the final model
JID: EOR [m5G; November 3, 2016;17:1 ]
Table 9
Marginal and comprehensive values of the non-reference protocols with the final classification model. with the ones suggested by the models compatible with all consistency preferential constructs is very high (see Table 6 ). The range of variation of comprehensive values for the protocols assigned to the particular classes is delimited by the following class thresholds:
Since the space of compatible classification models was proven to be rather small, the representative comprehensive values are often close to the class thresholds. In this perspective, it is important to remind that these thresholds are not predefined, but constructed by ORDREG in the same spirit as comprehensive and marginal values. Thus, when discussing the class assignments, the values of protocols and thresholds need to be considered together. When it comes to the reference protocols, the final model is by definition guaranteed to reproduce classification for the 42 assignment examples contained in the consistency preferential core. The assignment suggested for the misclassified reference alternatives is provided in Table 7 .
As for the non-reference protocols, their classification with the final model is provided in Tables 9 and A.12 . Its justification is further supported with the decomposition of comprehensive values into the marginal values (see Table 9 ) and comparing them against respective class thresholds (see Fig. 8 ).
The assignment of a 49 to C 5 can be justified by the high consistency with green chemistry principles on all criteria but local resources use ( g 4 ). However, the latter was proven to be the least important one. When compared with a 49 , a 52 is slightly worse in terms of capping agent ( g 2 ), reaction time ( g 5 ) and temperature ( g 6 ). This is enough to decrease its status from comprehensive ( C 5 ) to considerable ( C 4 ) adoption of green chemistry principles. Finally, a 50 , a 51 and a 53 are all assigned to C 2 , which is interpreted as the limited consistency with the assumed principles. Although a 50 performs relatively well in terms of reducing ( g 1 ) and capping ( g 2 ) agents, while a 51 scores positively on capping ( g 2 ) and solvent ( g 3 ) types, they are too weak on the other criteria to be assigned to C 3 . Note that when taking into account the range of comprehensive values, C 2 accommodates the greatest variety of protocols. However, for the final classification the distance from the class threshold does not matter. Thus, the implementation of green chemistry principles for all protocols with U CAE
. 648) is judged as limited. Nevertheless, being close to the upper or lower threshold may indicate greater potential for the improvement or possibility of the degradation, respectively, when the performances of a protocol are slightly changed in the future. What is more, Table 9 highlights the under-performance of the protocols on an individual criterion basis, indicating the parameters that require major attention to increase the overall score. For example, the developers of protocol a 51 could try to verify whether nanoparticles of smaller and more uniform sizes could be obtained, whereas in case of protocol a 53 most of the efforts should be firstly directed in producing the nanoparticles through alternative raw materials (e.g., renewable ones) and at lower temperatures.
The recommendation delivered for the non-reference protocols by the final classification model is confirmed by the possiblenecessary C P,N CAE and necessary-possible C N,P CAE assignments (see Table 10 ). The previous indicates that the sets of classification models compatible with all consistency preferential constructs admit such recommendation, while the latter indicates that at least one of these sets confirms it with certainty. Further, the possiblepossible assignment C P,P CAE indicates that for a 49 and a 52 all other classes than C 5 and C 4 , respectively, are excluded as the potential recommendation. For a 50 , a 51 and a 53 , some other classes are possible. However, as indicated by CAI CAE (see Table 10 ), only for a 53 the probability of an assignment different from the one delivered by the final model is significant.
To comprehensively explain the recommendation suggested by the final model in terms of the attained marginal values for all alternatives, we use decision rules ( Greco, Słowi ński, & Zielniewicz, 2013 ) (see Table 11 ). Each rule presents the conditions which distinguish a subset of alternatives assigned to a particular class union (e.g., at least class C 4 or at most class C 2 ) from the remaining ones. The value in the last column of Table 11 indicates how many alternatives supported induction of the respective rule. Overall, rules provide a useful information on the role of particular criteria or their subsets in assigning the alternatives to a given class union. For example, the 4 rules corresponding to the union "at least class C 5 " indicate that:
• the alternatives assigned to the best class ( C 5 ) attained some minimal performance thresholds for at least one of the following four pairs of marginal value functions: { u 5 , u 7 }, { u 1 , u 5 }, { u 5 , u 6 } or { u 4 , u 6 }; • the alternatives in the union "at most class C 4 " reached none of these four combinations of marginal performance thresholds.
For illustrative purpose, in Appendix B we report the results obtained with a sorting model minimizing the sum of misclassification errors ( Zopounidis & Doumpos, 20 0 0 ), thus, not explicitly removing inconsistent assignment examples.
Conclusions
The performance of sustainability evaluations requires the use of multiple criteria, which normally represent different and JID: EOR [m5G; November 3, 2016; 17:1 ] 
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Table 10
Possible assignments for different consistency constructs; the possible-possible, possible-necessary, necessarypossible and necessary-necessary assignments, and cumulative consistency class acceptability indices for the non-reference protocols.
Possible assignments
Table 11
Decision rules explaining class assignments in terms of marginal values of alternatives.
Decision Conditions Support
Class
somehow conflicting viewpoints. During the last decade materials at the nanoscale, called nanomaterials, have been produced and used increasingly in many sectors to improve the performance of conventional products. However, concerns about the sustainability implications of nanomateirals themselves, as well as their production processes have been raised. The research described in this paper focuses on the latter challenge, proposing a decision aiding approach for assessing the implementation of green chemistry principles by protocols for the synthesis of a common nanomaterial (i.e. silver nanoparticles).
The method starts with collecting from the nanotechnology experts the desired assignments for reference protocols. Then, it resolves inconsistency in thus specified preference information by identifying all maximal subsets of consistent assignments, called consistency preferential constructs. Each construct is represented with a set of preference models composed of an additive value function and class thresholds separating the decision classes. Further, a highly interpretable representative classification model is derived. The recommendation it delivers for the non-reference protocols is validated against the outcomes of robustness analysis. These are materialized with the possible and necessary assignments and class acceptability indices. The final classification model and recommendation are built on the top of indications obtained individually for all consistency preferential constructs.
The proposed method was applied to a real-world case study with 48 reference protocols and 5 non-reference protocols. The constructed models showed that the selected 8 criteria were meaningful for the comprehensive evaluation of the green chemistry principles and played discriminatory roles in the protocol evaluations, even though the initial model could not reproduce all assignment examples. This suggests that some additional evaluation factors, e.g., toxicity of the materials, should be added to the model in case such data is available. However, the method was usable even if the experts' opinion was not fully consistent with an assumed classification model.
The constructed final representative classification model indicated that solvent, capping agent and equipment type have the largest effect on the overall assessment of protocols, while the impact of using local resources is marginal. The use of general value functions allows inferring potentially non-convex and nonconcave classification models. This was useful for discovering scale ranges where the improvements of the protocols' performances may bring either high value gains or no gain at all. For example, the character of functions for the reducing and capping agents was risk-averse, whereas for the reaction time or equipment type it was risk-seeking. It means that for these criteria improving an already good performance of the protocol may contribute, respectively, marginally or significantly to its overall evaluation. Such information can be used for prioritizing the different factors when developing new or revising old nanoparticle synthesis protocols.
The proposed method has proven to derive an interpretable classification model for the existing or new protocols. In this case JID: EOR [m5G; November 3, 2016; 17:1 ] study, it was used to assign the protocols to five pre-defined and ordered classes. When applied to the non-reference protocols, the implementation of green chemistry principles for three out of five considered protocols was judged as limited. For all protocols the decomposition of the comprehensive values into marginal ones indicated which criteria were decisive for the suggested recommendation and in which aspects some quality was missing to attain better classification. The certainty of the delivered recommendation was enhanced with robustness analysis. For four nonreference protocols the suggested assignment was confirmed to be robust, whereas for one protocol the method indicated hesitation between two classes. Such information enables usable decision aiding. The intelligibility of the constructed robust classification model by non-experts in MCDA shows promising potentials of applicability to problems concerning sustainability assessments. Obviously, future research should be oriented towards verification of the constructed model on a more comprehensive set of new protocols. Overall, this research showed how successful implementation of MCDA in the context of sustainability assessments could be conducted. The MCDA process proved pivotal to structure the problem, leading to co-constructive development by decision analysts and DMs of the alternatives, assessment criteria, problem statement and identification of the appropriate preference elicitation method and the type of model that best satisfied the objective of the case study. Our experiences from developing the method and conducting the case study confirm that a mutual learning of the model, the decision analysts and the DMs is crucial for successful implementation of MCDA approaches to real-world problems.
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The study itself demonstrated the usefulness of the proposed method for the evaluation of the "green" claims of nanosynthesis protocols. While the constructed model should not be perceived as a universal tool for green chemistry-based classification of nanoparticles, the approach is promising for developing contextspecific classification models for use in similar problems. The desirable properties making the proposed method an appealing solution for decision aiding include:
• accepting indirect preference information in form of assignment examples; in this way, the parameters of a classification model are inferred from the holistic judgments provided by the experts; • dealing with inconsistency in an automated manner by discovering all minimal sets of conflicting assignment examples; • handling qualitative and quantitative criteria with general value functions which interpret only the ordinal character of data; • deriving an easily interpretable numerical score for each alternative by considering jointly all relevant points of view; this allows both better understanding of the suggested recommendation and its confrontation with the experts' expectations and knowledge; • applying intuitive classification procedure which derives the assignment of alternatives into one of pre-defined and ordered classes from the comparison of alternatives' comprehensive values with the limiting thresholds; • indicating the level of certainty for the suggested recommendation.
Obviously, the proposed approach is usable in other contexts than nanotechnology. In this perspective, the following limitations need to be considered.
Firstly, when the space of sorting models used to compute the recommendation is large (e.g., in case just few holistic judgments are available), the method might indicate imprecise possible class assignments for some alternatives. Then, the recommendation suggested with a representative model as well as class acceptability indices can be used to stimulate the DM to provide additional assignment examples. Such interactive elicitation of preference information would contract the space of compatible models, thus, increasing the robustness of results obtained with a representative model. In the same spirit, let us emphasize that in case some inconsistency is identified in the provided preference information, the space of models compatible with each consistency construct is usually relatively small, thus, decreasing the variability of possible results.
Secondly, the process of identifying all subsets of assignment examples underlying inconsistency may be computationally demanding (see Section 2.3.1 ). Therefore, in some cases it may be terminated once, e.g., a desired number of different subsets is obtained or some pre-defined maximal cardinality of an individual subset is reached.
Thirdly, the number of decision rules explaining the suggested class assignments in terms of representative marginal values (see Section 3.3 ) can be prohibitively large for problems involving numerous alternatives with diverse performance profiles. In this case, one could present to the DM only these rules whose support satisfies some pre-defined threshold (its value can refer to, e.g., the cardinality of a specific class union for which the explanation should be provided). Obviously, one could also generate the rules which incorporate the original performances of alternatives in their condition parts instead of marginal values. In this way, one would provide data-driven explanations as opposed to the model-driven ones presented in this paper.
Finally, let us note that the proposed approach can be adapted to robust multiple criteria ranking ( Greco et al., 2008 ) , group decision ( Greco et al., 2012; and outranking model Kadzi ński & Ciomek, 2016 ) . We also envisage implementation of a dedicated decision support system within the diviz platform ( Meyer & Bigaret, 2012 ) .
Disclaimer
The views expressed in this paper are those of the authors and do not necessarily represent the views or policies of the U.S. Environmental Protection Agency. Any mention of trade names or commercial products does not constitute endorsement or recommendation for use. JID: EOR [m5G; November 3, 2016; 17:1 ] Representative comprehensive values and class assignments derived from the analysis of different consistency constructs. Star ( * ) in column C ( a i ) indicates that the recommendation obtained with the model is different than the one desired by the DM. 
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Appendix B. Recommendation obtained with the sorting model minimizing the sum of misclassification errors
In this section, we report the results obtained with a sorting model which minimizes the sum of misclassification (overestimation and underestimation) errors ( Zopounidis & Doumpos, 20 0 0 ) . When some assignment example cannot be reproduced, such error reflects how much the comprehensive value of the reference alternative would have to be changed so that it is assigned to the class indicated by the DM. Thus, the model tolerates incompatibility, not removing explicitly the inconsistent assignment examples.
For the case study, the minimal sum of misclassification errors was equal to 0.072. The underlying model, denoted with U MIN EPS , misclassified (i.e., assigned to a different class than the one desired by the experts) 7 reference alternatives ( a 3 (assigned by the DM to C 4 ), a 26 ( C 2 ), a 28 ( C 4 ), a 33 ( C 3 ), a 41 ( C 3 ), a 42 ( C 4 ) and a 48 ( C 5 )). Thus, the number of misclassified protocols is higher than for the models explicitly accounting for the inconsistencies.
The comprehensive values and the classification of the nanoparticle protocols obtained with U MIN EPS are presented in Table B and U CAE REP only in suggesting that a 53 should be assigned to C 1 rather than to C 2 .
Note that selection of the representative model while minimizing the sum of misclassification errors has some implications on its form. Indeed, the marginal value functions are less discriminative than in case of other models considered in the study. For six criteria the maximal shares in the comprehensive value are not greater than 0.04, whereas clearly higher marginal values ( > 0.4) are assigned solely to two performances on g 1 and a single performance on g 5 (see Fig. B.9 ) . Moreover, the ranges of variation of comprehensive values for the alternatives assigned to classes C 1 , C 3 and C 4 are very low. In this way, the distances of the misclassified reference alternatives from their desired classes could be lowered. For example, a 48 is assigned by U MIN EPS to C 2 rather than to C 5 , but the misclassification error is just 0.034.
